Chinese air pollution is obviously increasing, and the government makes efforts to strengthen air pollution treatment. Although adverse health effects gradually emerge, research determining individual vulnerability is limited. This study estimated the relationship between air pollution and obesity. Individual information of 13,414 respondents from 125 cities is used in the analysis. This study employs ordinary least squares (OLS) and multinomial logit model (m-logit) to estimate the impact of air pollution on obesity. We choose different air pollution and Body Mass Index (BMI) indicators for estimation. Empirical results show Air Quality Index (AQI) is significantly positively associated with the BMI score. As AQI adds one unit, the BMI score increases 0.031 (SE = 0.002; p < 0.001). The influence coefficients of particle size smaller than 2.5 µm (PM 2.5 ), particle size smaller than 10 µm (PM 10 ), carbon monoxide (CO), nitrogen dioxide (NO 2 ), ozone (O 3 ), and sulfur dioxide (SO 2 ) to the BMI score are 0.034 (SE = 0.002; p < 0.001), 0.023 (SE = 0.001; p < 0.001), 0.52 (SE = 0.095; p < 0.001), 0.045 (SE = 0.004; p < 0.001), 0.021 (SE = 0.002; p < 0.001), 0.008 (SE = 0.003; p = 0.015), respectively. Generally, air pollution has an adverse effect on body weight. CO is the most influential pollutant, and female, middle-aged, and low-education populations are more severely affected. The results confirm that the adverse health effects of air pollution should be considered when making the air pollution policies. Findings also provide justification for health interventions, especially for people with obesity.
Introduction
China has achieved remarkable economic development over the past 30 years; however, an unintended consequence of this growth is its negative influence on the natural environment. For example, regional pollution incidents in China have increased, which not only influence human well-being but also threaten residents' health. Many studies have explained the impact of air pollution on human health and the incidence of diseases such as respiratory and cardiovascular diseases [1] [2] [3] . Several studies focused on various pollutants in the air and found that these pollutants could negatively affect multiple systems and organs in the human body at a specific concentration, thereby having a significant impact on population mortality and susceptibility to other diseases [4] [5] [6] . Specifically, 2 of 16 most recent literature paid attention to the adverse effects of air pollution on cancer and chronic diseases [7] [8] [9] [10] [11] [12] . For example, Jaganathan et al. (2019) [8] reviewed the relationship between long-term exposure to fine particulate matter and cardio-metabolic diseases in developing countries; Filippini et al. (2019) [10] analyzed the association between outdoor air pollution and childhood leukemia based on meta-analysis; and Gaio et al. (2019) [11] focused on air pollution and lipid profile. A large amount of evidence depicted the adverse effects of air pollution on human health problems.
Obesity is defined by the World Health Organization (WHO) as a disease characterized by the excessive accumulation of body fat [13] . In 2019, the WHO listed air pollution and obesity among the top ten threats to human health [14] . Obesity is considered as a public health problem, leading to serious social, psychological, and physical problems [13] . Existing literature has demonstrated that air pollution is one of the major factors influencing obesity in developed countries [15, 16] . Therefore, it is of considerable significance to assess the impact of air pollution on obesity. However, to the best of our knowledge, few studies focus on the relationship between air pollution and obesity in developing countries, particularly in China.
Air pollution could affect obesity from several aspects. On the one hand, air pollution could increase the risk of a number of diseases. For example, Xu et al. (2010) [17] , Toledo-Corral et al. (2018) [18] , and [16] found that air pollution leads to metabolic disorder, which is closely related to body weight; WHO (2018) [19] proposes that air pollution increases the possibility of cardiovascular and respiratory diseases, heart diseases, and some cancers, which, in turn, affect body weight. On the other hand, pollution could also affect people's behavior responses that influence body weight. For example, people choose to stay indoors in days with heavier pollution and reduce time for physical activities [20] [21] [22] [23] , which, in turn, reduce calories expended and cause obesity.
Most literature on the relationship between air pollution and obesity is concentrated in developed countries [15, 16] . In developing countries, especially China, there are growing concerns regarding children's exposure to pollution and increased obesity rates. Epidemiologic evidence suggests that air pollution is a risk factor in childhood obesity [16, [24] [25] [26] [27] [28] [29] . Childhood obesity has emerged as a major public health problem in the United States and elsewhere [30] . Children are a special group considered to be more susceptible to epidemics and air pollution. Unlike childhood obesity, we know little about the effects of obesity from air pollution on the Chinese adult population.
The above studies provide a basis for analyzing the relationship between air pollution and obesity in adults across the country. At present, few studies specifically investigate whether air pollution leads to obesity in China. Given this lack of research, the primary aim of the study is to obtain micro-level evidence from Chinese cities to research and assess the impact of air pollution on obesity in developing countries.
Methods

Data
This study collects a dataset consisting of individual information and city-level variables to evaluate the relationship between air pollution and obesity. Individual data were derived from the China Health and Retirement Longitudinal Study (CHARLS) in 2015, which is a nationally representative survey conducted among middle-aged and elderly Chinese residents (aged 45 years and above) using face-to-face computer-assisted personal interviews. The CHARLS questionnaire included the following modules: demographics, family structure, health status and functioning capabilities, biomarkers, health care and insurance, work, retirement and pension, income and consumption, assets (individual and household), and community-level information [31, 32] . The ethics committee of Peking University Health Science Center approved this study, and all participants gave written informed consent before participation [33] . Using multi-stage stratified probability-proportionate-to-size sampling, the sample in CHARLS represented approximately 12,400 households in 150 counties/districts (a total of 450 villages/resident communities). A total of 21,729 respondents participated in the interview. In this study, data from CHARLS were constructed to estimate the obesity problem and control variables. Before measurement, raw data had to be properly processed. As some respondents have missing values, 13,686 respondents in 2015 were considered. Furthermore, as the measurement error is most likely to affect the extreme value, to ensure the stability of the data and improve the accuracy and standardization of the analysis, the samples with height and weight at 1% before and after (about 272 respondents) are excluded. In the end, 13,414 respondents in 2015 are considered. Figure 1 presents a flow chart of the study process. Meanwhile, the hourly pollutant levels from 125 cities were evaluated using data from the national urban air quality monitoring network. Figure 2 included the following modules: demographics, family structure, health status and functioning capabilities, biomarkers, health care and insurance, work, retirement and pension, income and consumption, assets (individual and household), and community-level information [31, 32] . The ethics committee of Peking University Health Science Center approved this study, and all participants gave written informed consent before participation [33] . Using multi-stage stratified probability-proportionate-to-size sampling, the sample in CHARLS represented approximately 12,400 households in 150 counties/districts (a total of 450 villages/resident communities). A total of 21,729 respondents participated in the interview. In this study, data from CHARLS were constructed to estimate the obesity problem and control variables. Before measurement, raw data had to be properly processed. As some respondents have missing values, 13,686 respondents in 2015 were considered. Furthermore, as the measurement error is most likely to affect the extreme value, to ensure the stability of the data and improve the accuracy and standardization of the analysis, the samples with height and weight at 1% before and after (about 272 respondents) are excluded. In the end, 13,414 respondents in 2015 are considered. Figure 1 presents a flow chart of the study process. Meanwhile, the hourly pollutant levels from 125 cities were evaluated using data from the national urban air quality monitoring network. Figure 2 presents the 125 cities in China. 
Variables
Body Mass Index (BMI)
Body Mass Index (BMI) is an important standard used to measure the degree of obesity and the health of the human body [13] . BMI is a relatively objective parameter to measure body mass and is calculated as weight (in kilograms) divided by the square of the height (in meters) (BMI unit: kg/m 2 ). Therefore, the higher the BMI, the greater the obesity [34] . BMI as a tool for measurement is recommended by the WHO and is also widely used in epidemiological studies to assess excessive weight and obesity levels in people of different ages, sexes, and ethnicities. In addition, BMI is widely used to assess the degree of obesity and the risk of obesity-related diseases [35] .
As the percentage of body fat and cardiovascular risk in Asians are usually higher for a given BMI value than in the Western population, it is recommended to establish appropriate thresholds for each country [36] . In this study, we use multiple standards, Chinese, WHO, and Asian standards, to define obesity, rather than just using one standard (see Table 1 ). 
Air Pollution
We obtained the hourly pollutant data from the national urban air quality monitoring network from 1 April 2015 to 31 August 2015. We primarily used the Air Quality Index (AQI) to measure air pollution. AQI is China's new air quality evaluation standard [37] and monitors the levels of six pollutants: particle size smaller than 2.5 µm (PM 2.5 ), particle size smaller than 10 µm (PM 10 ), carbon monoxide (CO), nitrogen dioxide (NO 2 ), ozone (O 3 ) and sulfur dioxide (SO 2 ). The higher the indicator values, the higher the pollution levels. According to the environmental AQI technical regulations, AQI can be divided as: 0-50, 51-100, 101-150, 151-200, 201-300, and >300, corresponding to the air quality index level 1 (excellent), level 2 (good), level 3 (mild pollution), level 4 (moderate pollution), level 5 (heavy pollution), and level 6 (serious pollution). Generally, if the air quality is excellent or good, it has less impact on outdoor activities. To test the stability of the model, we also chose other air pollution indicators for robust estimation, such as PM 2.5 , PM 10 , CO, O 3 , NO 2 , and SO 2 .
Estimation Strategy
Descriptive analysis is first performed to describe the sample characteristics for the total sample and by BMI according to Chinese criteria. Frequencies with percentages for categorical variables (e.g., sex, marital status, insurance status, education, health behavior, categorical BMI, and AQI levels), and means with standard deviations were reported for continuous variables (e.g., age, BMI, and air pollution indicators) were presented.
We employed the ordinary least squares (OLS) method to analyze the relationship between air pollution and the degree of obesity, which can be presented as follows:
where the subscript i and c denote individual and city respectively, BMI ic is the degree of obesity of individual i in city c; Air ic denotes the air pollution of person i in city c; X ic represents individual characteristics and health behavior of person i in city c, including sex, age, education, etc.; a 0 , a 1 , a 2 are the parameters to be estimated; e ic is the idiosyncratic error term and it obeys a normal distribution.
Given the existence of the BMI standard and the categorical variables, the OLS estimation may provide inconsistent estimates. Therefore, we chose multinomial logit model (m-logit), which can be expressed as:
where BMI ic has 4 levels: Underweight, Normal, Overweight and Obese; b 0 , b 1 , b 2 are the parameters to be estimated; and BMI* ic is a latent variable and BMI ic is its observable variable. In addition, we chose different air pollution and BMI indicators for estimation and examined the impact of lagging air pollution. A stratified analysis approach was used to discuss the role of sex, age, and education in air pollution and obesity. Dependent variable is BMI score, and we used OLS estimation, with robust standard errors. Dependent variable is BMI according to Chinese criteria, and we used m-logit estimation. Stata 14 was applied to statistical analysis.
Results
Respondents' characteristics and average AQI levels across BMI levels are shown in Table 2 . The total study population consisted of 13,414 respondents with a mean age of 61 years; 46.7% were male, 86.64% were married, and 8.12% were uninsured. A minority, 25.70% of participants had no formal education, 19.69% did not finish primary school and home school, 22.68% elementary school, and 31.93% had middle school education and above. A total of 30.77% respondents smoked, and 26.09% reported that they drank alcohol frequently. The average BMI was 23.77 and 12.02% were obese (Meanwhile, Figure 3 depicts the histogram of the BMI score). The average monthly AQI was 64.39 and a minority, 20.8% of samples had low AQI categorical levels (<49.9); the vast majority (76.9%) of samples had moderate categorical AQI levels (50-99.9), 2.3% of samples have a higher AQI categorical levels (>100). The average continuous AQI was 67.1 when we used a one-month lag, 74.04 when we used a two-month lag, and 79.72 when we used a three-month lag.
AQI on BMI is shown in Table 3 . In Table 3 , the second and third columns represent the results from the OLS regression, which are the results of Equation (1) . Columns 4 to 9 denote the results of m-logit, which are the results of Equation (2) . Generally, Coefficients and robust standard errors are reported for the OLS regression model, while the adjusted odds ratio and 95% confidence interval values are used for the m-logit. The coefficient of AQI on BMI is 0.031 (SE = 0.002; p < 0.001), which is significantly positive, indicating a positive association between air pollution and obesity. This result is consistent with those of previous Chinese studies and results from the USA. As AQI added one unit, the BMI score increased by 0.031 (SE = 0.002; p < 0.001). Specifically, the coefficient for obese participants is higher than those who were underweight. The effects of AQI on "Normal", "Overweight", and "Obese" levels based on Chinese criteria were 1 percent (95% CI: 1.005, 1.015), 2.4 percent (95% CI: 1.019, 1.029) and 3.2 percent (95% CI: 1.027, 1.038), respectively.
The interpretation of other control variables is also necessary. Taking the OLS estimation results as an example, the coefficient of males on the BMI score was −0.229 (SE = 0.078; p = 0.003), meaning that if the respondent was a male, the BMI score was 0.229 lower than that of a female. The coefficient of age was −0.052 (SE = 0.003; p < 0.001), which has a significantly negative effect on BMI. With an increase in age, the BMI score gradually decreased. As the level of education increased, BMI increased. Compared with "No formal education", respondents of "Did not finish primary school and home school", "Elementary school", "Middle school and above" had higher BMI scores. The coefficients are 0.146 (SE = 0.089; p = 0.1), 0.287 (SE = 0.087; p = 0.001), and 0.527 (SE = 0.085; p < 0.001), respectively. That is, the higher the education level, the higher the BMI scores. Married couples significantly increased the BMI score, and the BMI score of the married respondents was 0.219 (SE = 0.087; p = 0.012) higher than that of unmarried respondents. That is, keeping other factors constant, the body weight would also increase gradually in the wedded life. AQI on BMI is shown in Table 3 . In Table 3 , the second and third columns represent the results from the OLS regression, which are the results of Equation (1) . Columns 4 to 9 denote the results of m-logit, which are the results of Equation (2) . Generally, Coefficients and robust standard errors are reported for the OLS regression model, while the adjusted odds ratio and 95% confidence interval values are used for the m-logit. The coefficient of AQI on BMI is 0.031 (SE = 0.002; p < 0.001), which is significantly positive, indicating a positive association between air pollution and obesity. This result is consistent with those of previous Chinese studies and results from the USA. As AQI added one unit, the BMI score increased by 0.031 (SE = 0.002; p < 0.001). Specifically, the coefficient for obese participants is higher than those who were underweight. The effects of AQI on "Normal", "Overweight", and "Obese" levels based on Chinese criteria were 1 percent (95% CI: 1.005, 1.015), 2.4 percent (95% CI: 1.019, 1.029) and 3.2 percent (95% CI: 1.027, 1.038), respectively.
The interpretation of other control variables is also necessary. Taking the OLS estimation results as an example, the coefficient of males on the BMI score was −0.229 (SE = 0.078; p = 0.003), meaning that if the respondent was a male, the BMI score was 0.229 lower than that of a female. The coefficient of age was −0.052 (SE = 0.003; p < 0.001), which has a significantly negative effect on BMI. With an increase in age, the BMI score gradually decreased. As the level of education increased, BMI increased. Compared with "No formal education", respondents of "Did not finish primary school and home school", "Elementary school", "Middle school and above" had higher BMI scores. The coefficients are 0.146 (SE = 0.089; p = 0.1), 0.287 (SE = 0.087; p = 0.001), and 0.527 (SE = 0.085; p < 0.001), respectively. That is, the higher the education level, the higher the BMI scores. Married couples significantly increased the BMI score, and the BMI score of the married respondents was 0.219 (SE = 0.087; p = 0.012) higher than that of unmarried respondents. That is, keeping other factors constant, the body weight would also increase gradually in the wedded life.
Concerning health behavior, an interesting conclusion was that only those who smoke displayed significant effects on BMI. Compared with non-smoking respondents, the BMI score of the smokers was reduced by 1.183 (SE = 0.075; p < 0.001). Although drinking wine also had negative effect on body Concerning health behavior, an interesting conclusion was that only those who smoke displayed significant effects on BMI. Compared with non-smoking respondents, the BMI score of the smokers was reduced by 1.183 (SE = 0.075; p < 0.001). Although drinking wine also had negative effect on body weight, the impact was not significant even at 10% significant level for both regression model and m-logit model. Furthermore, we illustrated the impact of exercises on body weight. The amount of time spending on physical activity (exercise or work which is hard enough to make you breathe more heavily and to make your heart beat faster) in a usual week was used to measure respondent's exercise level for at least 10 min. Examples include aerobics, fast bicycling, brisk walking, and heavy labor, e.g., heavy lifting, digging, plowing. Three levels of physical activity were coded as 0 times/wk, 1 to 3 times/wk, and 4 times/wk. The three levels of physical activity were also named as sedentary, moderately active, and very active. The results indicated that exercise had negative effect on body weight. The coefficient for moderately active exercise and very active exercise are −0.28 (SE = 0.142; p = 0.048) and −0.663 (SE = 0.096; p < 0.001), respectively. That is, the more exercise the people do, the thinner they are. As only 6505 respondents were asked the questions about the time of physical activity, we put the results including exercise in the Appendix A. Table 4 depicts the effects of AQI on BMI according to WHO and Asian criteria. We divided the BMI values based on the WHO and Asian classification standards, respectively, and we obtained similar results to Table 3 in which we used Chinese criteria. We changed the AQI calculation method and used the median AQI for the month to calculate the AQI indicator. Table 5 depicts the effects of the median AQI on BMI. With an increase in AQI, the BMI score increased by 0.03 (SE = 0.002; p < 0.001). Specifically, obese participants had a closer positive correlation than those who were underweight and overweight. The coefficient of "Underweight" Chinese criteria BMI scores was 1.0, and a BMI of "Normal", "Overweight", and "Obese" were more likely to be reported by 1 percent (95% CI: 1.005, 1.015), 2.3 percent (95% CI: 1.018, 1.029) and 3.1 percent (95% CI: 1.026, 1.037), respectively. Although we changed the AQI calculation method and we obtained similar results to Table 3 . The effect of AQI on BMI with categorical AQI levels is shown in Table 6 . Each categorical AQI level has significantly positive effects on the BMI score. Compared with excellent air quality (0-49.9), the influence of good air quality (50-99.9) and mild pollution (100-149.9) on BMI score is 0.752 (SE = 0.069; p < 0.001) and 1.364 (SE = 0.207; p < 0.001). Under the same pollution level, the influence of AQI increased as the obesity of participants increased, for example, AQI belonged to 50-99.9. Effect of AQI on BMI with AQI lag is shown in Table 7 . The results reveal a significantly positive relationship between each lagged AQI and the BMI score. When we used a one-month lag, the BMI score increased by 0.027 (SE = 0.001; p < 0.001) with AQI growth. When we used a two-month lag, with AQI increasing, the BMI score increased by 0.022 (SE = 0.001; p < 0.001). When we used a three-month lag, the BMI score increased by 0.024 (SE = 0.001; p < 0.001). Notes: N = 13,414. *** p < 0.01. AQI is constructed using the median 1-3 month prior to the interview.
From Table 3 ; Table 7 , we found that both the current AQI and the lagged AQI (one-month lag, two-month lag and three-month lag) had a positive effect on BMI. However, the impact from AQI gradually decreased. That is, the farther away from the month of the interview, the smaller the impact.
Effects of other air pollution on BMI are shown in Table 8 . All other air pollutants (PM 2.5 , PM 10 , CO, NO 2 , O 3 and SO 2 ) represent a significantly positive impact on the BMI score. When one unit of PM 2.5 , PM 10 , CO, NO 2 , O 3 , or SO 2 was added, the BMI score increased by 0.034 (SE = 0.002; p < 0.001), 0.023 (SE = 0.001; p < 0.001), 0.52 (SE = 0.095; p < 0.001), 0.045 (SE = 0.004; p < 0.001), 0.021 (SE = 0.002; p < 0.001), 0.008 (SE = 0.003; p = 0.015), respectively. We found that CO (the coefficient: 0.52 (SE = 0.095; p < 0.001)) had relatively larger impacts than other air pollutants. That is, from the perspective of the one-unit air pollution increase, the order of the impact for the six pollutants from large to small is: CO, NO 2 , PM 2.5 , PM 10 , O 3 , and SO 2 , respectively. Notes: N = 13,414. ** p < 0.05; *** p < 0.01. Table 9 reports the effect of AQI on BMI from the perspective of sex, age, and education. We split the samples by sex, age, and education, respectively, and obtained results similar to Table 5 regarding the effects of AQI on the BMI score. All air pollution consistently led to an increase in the BMI score. Additionally, from the results of the OLS model, females were more susceptible to AQI in terms of obesity than males were (0.034 (SE = 0.002; p < 0.001) vs. 0.027 (SE = 0.002; p < 0.001)). There was no significant difference for young people and elderly people in the OLS regression analysis (0.03 (SE = 0.002; p < 0.001) vs. 0.03 (SE = 0.002; p < 0.001)), while in the m-logit model, young people were more susceptible to AQI than the elderly (1.015 (95%: 1.005, 1.025) vs. 1.008 (95%: 1.002, 1.014) for normal weight; 1.027 (95%: 1.017, 1.037) vs 1.023 (95%: 1.017, 1.03) for overweight and 1.036 (95%: 1.026, 1.047) vs 1.031 (95%: 1.024, 1.038) for obese). That is, age had much greater influence on body weight in young people, and people lower than 60 should pay more attention to body weight. For education levels, the higher the level of education, the less the BMI was affected by AQI (0.037 (SE = 0.003; p < 0.001) vs. 0.029 (SE = 0.003; p < 0.001) vs. 0.027 (SE = 0.003; p < 0.001)). The results estimated by the m-logit method were consistent with the OLS results. The difference was that the age group test that indicated the impact of pollution on middle-aged people was greater than that of the elderly. Notes: * p < 0.10; ** p < 0.05; *** p < 0.01.
Discussion
The 2015 CHARLS information and air pollution data for 125 cities from a national urban air quality monitoring network were used with ordinary least squares (OLS) and multinomial logit model (m-logit) estimation to assess the impact of air pollution on obesity in China. We chose different air pollution and BMI indicators for estimation and examined the impact of lagging air pollution. The similarity in results indicates a relatively stable relationship. We also used sex, age, and academic characteristics to stratify the samples and study their impact on the relationship between air pollution and obesity. As expected, air pollution can induce obesity, and the higher the degree of air pollution, the more serious is the effect on obesity. The closer to the survey month, the more serious the impact; it can be concluded that pollution has a cumulative effect on health. In addition, we found that CO is the most influential pollutant; we must, therefore, pay special attention to the changes in their concentration. We also identified that women, the middle-aged, and those with low levels of education were especially susceptible [22] . In the Public Health and Air Pollution in Asia (PAPA) study, Kan et al. (2008) [38] found that women were more susceptible to the effects of air pollution. In a pooled study of 130,000 respiratory deaths in 27 US. communities, Franklin et al. (2007) [39] revealed that community air pollution better predicted death among women than among men. Sex-specific lifestyle explanations (increased smoking among men may obscure pollution effects) and biological explanations (females' smaller airways and higher airway reactivity) [40] might partially account for these effects. Although we observed that the effect of air pollution exposure on obesity was evident in females, additional inquiry into why this is the case is needed. Additionally, when stratified by age, the results showed that air pollution and obesity were more strongly correlated among older participants, especially for the prevalence of obesity, suggesting that older subgroups may be more sensitive to ambient air pollutants [26] .
Our research adds evidence to the relationship between air pollution and obesity, which could provide important recommendations to minimize the risk of obesity due to air pollution. To avoid obesity, we should try our best to live in an environment with good air quality. Our findings provide significant evidence for people to choose an urban life, as high concentrations of air pollution could lead to health risks such as obesity. In daily life, residents should take necessary measures to reduce health risks from air pollution, such as wearing a mask, avoiding outdoor sports on heavy pollution days, using an air purifier, and placing green plants indoors. Past air pollution still has an impact on obesity, and the longer the lag period, the weaker the impact, relative to the current period. This means that air pollution will accumulate in the human body. Furthermore, identifying susceptible populations helps the government to formulate health policies.
It is necessary to discuss the limitations of the current study. First, genetics is an important factor that affects obesity [41, 42] . Due to data limitations, we could not calculate the contribution from genetics on obesity. Further, because air pollution data at the city level were launched only in 2014, this study used a cross-sectional design and the findings cannot be applied to demonstrate a causal relationship between long-term air pollution and obesity. In the future, with the enrichment of micro-individual and air pollution data, we could use panel data to improve our analysis.
Conclusions
This study evaluated the relationship between air pollution and obesity based on data from the Chinese middle-aged and elderly populations. It found that air pollution is an important factor affecting obesity: the higher the air pollution level, the more serious the impact, and this impact has a cumulative effect. Additionally, CO is the most influential pollutant and women, the middle-aged, and those with low levels of education are the most severely affected. Therefore, when developing public health policies, the adverse health effects of air pollution should be considered. Appendix A Table A1 . Effect of Air Quality Index (AQI) on Body Mass Index (BMI): add physical activity variable.
Variables
The Notes: N = 6505. * p < 0.10; ** p < 0.05; *** p < 0.01.
